Abstract-The emerging field of graph signal processing has brought new scope in understanding the spectral properties of arbitrary structures. This paper proposes a novel graph spectral domain feature representation scheme for recognising in-air drawn numbers. It provides the solution by forming the hand's path as a graph and extracting its features based on the spectral domain representation by computing the graph spectral transform. A novel graph generation model is proposed to form the topology of the shapes of numbers. The experiments show that the proposed features are flip and rotation-invariant which makes insensitive to changes in the rotation angle of the drawn numbers. The proposed solution achieves a high level of accuracy of nearly 98% for in-air hand drawn number recognition.
I. INTRODUCTION
Irregular data and complex structures are rapidly increasing number of data due to the vast improvement in the technology. As a result, there is a serious need to understand and characterise complex shapes which can be applied in real-world applications like sign language. The new emerging field of graph signal processing (GSP) has attracted a lot of attention in evaluating and understanding the irregular data because the classical discrete signal processing (DSP) does not apply for unstructured data. Conversely, DSP deals mostly with structured data or grid data in continuous domain.
The proposed method falls into two areas, which are complex shapes matching field and in-air hand gesture recognition. The use of the graphs for complex structure matching is explored in terms of graph matching to find a perfect map between two sets of nodes that align the relationships of these sets. For example, Horaud and Sossa [1] , Carcassoni and Hancook [2] , Umeyama [3] , Cour et al. [4] and Zhou and Torre [5] applied an approximate method to explore the maximum probability of correspondence mapping between two patterns through the weight matrix based on polynomial characterization, centre of clusters, eigen domain, spectral relaxation and Kronecker product of the graph incident matrix respectively. Also, many problems are formed as bipartite matching. For example, Shamaie and Sutherland [6] , Leordeanu and Hebert [7] , Riba et al. [8] performed a bipartite graph matching based on shortest edges, largest eigenvalue and convex path inside text images. However, the massive time requirement for implementation makes these approaches unsuitable for real-time applications. To address these limitations, this paper proposes feature-to-feature assignments, which is based on the geometric structure properties of the objects. Our method is totally different than the existing works in the fields of graph matching and hand gestures recognition.
In-air human hand movement is an obvious example of forming irregular structures and the available work for in air hand writing recognition can be classified into two groups: image representation and node representation. Image representation means that the numbers are saved as an image. In this case, the image has two types of pixels: number path pixels and background pixels. Thus, a great deal of data is required to represent the numbers, which is the limitation of this approach. For instance, [9] [10] [11] normalized number data into a binary table where logic 1 refers to the hand writing path and 0 to the background. The node representation method refers to the path of hand movement. For example, [12] , [13] used skeletal coordinates of the user's hand, then features were obtained based on a pixel domain.
Surprisingly, the use of graph in the hand gesture recognition field is very limited and restricted by identifying hand poses only, which makes this paper the first to apply the spectral graph feature for in-air hand drawn numbers recognition. The available studies of hand gesture recognition based on graphs have been restricted to static hand gestures rather than dynamic hand gestures [14] [15] . They also focused on employing graph theory rather than investigating the spectral graph domain [6] [16] . For example, [14] [17] [18] [19] implemented static gesture recognition by using an edge detector to extract the hand features. The key point of these works is how to allocate the graph nodes over the hand based on features. However, these features are rotation and flip variants that make the feature sensitive to a change of rotation angle. Usually a great deal of data is required to achieve the optimal level of accuracy, which leads to a lack of real-time implementation.
The main contributions of this work are:
• A novel graph generation model to form the topology of hand movements for in-air drawing shapes.
• A novel set of spectral domain features for in-air drawn numbers by exploring the graph spectral transform.
• Incorporating the rotation and flip-invariance in feature modelling enabling high robustness for various rotation angles of the hand drawn numbers.
• Real-time recognition with very low computational time The rest of this paper is organized as follows: Section 2, illustrates the proposed graph spectral domain features. Section 3, presents in air drawn number recognition as the application. Section 4, shows the results and discussions. Finally, the work will conclude in section 5.
II. PROPOSED GRAPH SPECTRAL DOMAIN FEATURES

A. Graph concepts
Initially, the graph concepts will be define as it will be used throughout the paper. Graph (G) contains of nodes (N) or vertices (v) which are connected by edges (e). These edges take the form of any relation between vertices in the graph adjacency matrix (A) such as Euclidean distance, pixel value or sensor measurement. A is obtained as in Eq. (1) A = e (i, j) , if i and j are connected; 0, otherwise.
D is a diagonal matrix equals to the sum of edge weights connected to the vertex i which calculated by Eq. (2).
Then, the non-normalized graph Laplacian matrix (L) is computed:
and the normalized version (L) of the graph Laplacian matrix is obtained :
Eigenvalues λ and Eigenvectors χ of the Laplacian matrix are computed to extract the features. Graphs are useful form to describe the geometric structures of data based on the connectivity. Also, it is important to highlight the fact that this connectivity is rotation, flip and mirror invariant because it depends on relative measurements between the nodes. In other words, the graph connectivity description of the object does not change by moving or rotation the object in any direction unless the object structure will change. This concept leads to investigate matching samples in different direction based on the connectivity. To do so, the second eigenvector, which is known as Fiedler value [20] or the algebraic connectivity ( Fig. 2) is analysed for in-air handwritten digits (0-9) (Fig. 1) . For example, number zero has an equal distribution of nodes except in the first and last nodes, which are either close or far in the distance compared to other nodes. Also, number one has a uniform distribution of nodes. Thus, the mid node has a strong connectivity than other nodes and it will decrease by moving away from the mid node. At number four, we can see clearly that highest and lowest point occurred at after starting and before finishing nodes because they cross each other and the distance between them will be close. Among all the connectivity representation of numbers, two and five are the most similar in non-normalize version because they have almost the same structure; except that number two has smooth change at the beginning and fluctuated at the end, whereas number five is vice versa. Also, there is a similarity between number one and three as both numbers have a strong connection in the middle. In normalized version, one, three and seven have a high degree of similarity in their second eigenvector.
B. Graph model and feature extraction
This paper proposes undirected graph (G). G is built over the nodes which represent the X,Y coordinates of the hand's path. G is a fully connected graph which means each node has (N-1) connections as shown in (Fig. 3) and these edges represent the Euclidean distance between nodes.
This paper suggests utilizing two types of feature as follows: 1) First moment components (M i ) Although there is a similarity in the second eigenvector vector between samples, a small difference details is shown at the beginning or at the end of the Fiedler vector such as number two and five. Therefore, to overcome this issue, the first moment components of the second eigenvector is proposed to highlight these differences as shown in Eq. (5)
where ( j = 0, 1, ..., N − 1.) refers to the index of the eigenvector.
2) Zero crossings (S).
The number of zero crossings at each eigenvector is computed. We ignore the first eigenvector because its values have the same sign in all cases which means zero crossing always equal to zero. S provides the information about the positions of high connectivity areas. Also, it is important to mention that the order of the nodes is important to get an optimal S value because S will be varied for the same structure if and only if the nodes order strategy is different between patterns. Regarding to the length of feature, From (M i ): N From (S): N-1 In total, the length is equal to 2N − 1.
C. Classification
For the classification process, several types of classifiers are trained as will be shown in Section IV. Quadratic Discriminant Analysis classifier with 'Pseudo' as a kernel function shows better performance compared to the other classifiers.
III. IN AIR DRAWN NUMBER RECOGNITION
This paper proposes recognising digits from (0-9) (Fig. 1) as an application to test the spectral graph feature for in-air hand writing recognition because there is a similarity (i.e., digits 2 and 5) and variety (i.e., digits 4 and 8) in terms of the structure. To do so, the Kinect sensor is used to provide fast hand tracking based on the skeleton coordinate. Users have to stand in front of Kinect around (1-3) meters [21] to draw handwritten numbers. Right hand is used to draw numbers in the air. Then, users can raise their left hand higher than the shoulder to finish the drawing. After the hand coordinates are acquired from the Kinect, a pre-processing steps are implemented in order to remove outlier nodes and keep all the samples in the same scale. Therefore, four steps are performed to do so: 1) Outlier remover: Once the hand's path is detected, a fixed threshold (t) is used to remove the nodes that are outliers to the accepted path. These nodes, considered as noise, are removed by considering the distance higher than a threshold (Fig. 3) . 2) Node selection:
The prior threshold adjusted the distance between the nodes. N th nodes are selected from the hand's path, as shown in (Fig. 3) . Let the S is the original node path with length (L), a space vector (V) is generated with length (N) from 1 to L by increment equal to L−1 N −1 . After Outlier remover and node selection steps, a balance distribution of nodes along hand's path will be adjusted.
3) Image resizing:
Numbers have different sizes in terms of image size. Therefore, to have a uniform structure of numbers in the same scale, image is resized into (K × K) image pixels as shown in Fig. 3 in order to get the same scale for all the samples. After the pre-processing steps, G is constructed over the hand's path. Then, its features are extracted for classification.
IV. RESULTS AND DISCUSSIONS
In order to evaluate the proposed algorithm, a new and large dataset is created. The dataset was implemented by 13 volunteers performing 40 samples per each number. Volunteers follow the same direction rules to write the samples in the air. The dataset consists of 5200 samples, 520 samples for each class (0 -9). In this work, we try to minimize the number of nodes to form the samples as much as possible, which leads to reduce the number of features and to improve the time performance of the system. We evaluate three different lengths of each sample which are 9,13 and 17 nodes with fixed threshold value equal to 20 and image size (K= 100) pixels which are determined experimentally. For the classification, 50% of random samples are used to train the classifier and the remaining samples were used for testing.
Initially, the proposed method is evaluated based on different classifiers. To do so, the database is randomly partitioned into 50%(training) and 50%(testing) four times to identify the better classifier. As can be seen in Table I , Nearest Neighbour (KNN) and Naive Bayes (NB) have more false prediction and they record relatively lower degree of accuracy than Quadratic Discriminant Analysis (QDA), Quadratic Support Vector Machine (QSVM), Classification Tree (CT) and Neural Network (NN). For the neural network (NN) classifier, a twolayer feed-forward network, with sigmoid hidden and softmax output neurons, with 40 neurons in its hidden layer. Although NN has the maximum level of accuracy, this ratio is change based on the number of neurons in its hidden layer. Therefore, we prefer to utilized QDA for the rest of experiments.
To set up the optimal criteria of the spectral graph features, the evaluation is implemented using both the normalized and non-normalized graph Laplacian matrices for three different lengths. The proposed features achieve a highest level of accuracy by (97.53%) using normalized graph Laplacian matrix as shown in Table II .
This case is evaluated and the confusion matrix (Fig. 4) shows that, number one, five and seven manifest the maximum error recognition rate. This is because they have a high connectivity ratio in the middle as in class three. As a consequence, the error samples are misclassified as a classes three. In addition, Table III shows that the graph spectral features achieve the highest level of accuracy compared to the available works on in-air handwritten number recognition based on Kinect. The real-time system was implemented using Matlab R2015b Intel processor, CPU@3.6GHz and RAM 16GB. Average speed of the recognition 0-9 digits is achieved by 765 ms, which is a suitable range for the real-life applications.
Finally, since the graph adjacency matrix was defined based on the connectivity, it is insensitive to the rotation and flip changing. In other words, it does not matter what is the angle or direction of writing unless it follows the rules of starting and ending point. For example, all the cases shown in (Fig. 5 ) are detected as number four.
Note that the stroke order of drawing numbers affects the graph formation and the detection results. For example, if we write number five by starting from bottom to the top, the system will detect it as a number two (i.e., flip 2). The only difference between gesture 2 and 5 is that the short connectivities happens at the beginning in 5 and at the end in 2. Despite the angle of drawing, stroke order is an essential concept for the detection.
For further illustration, swiping the hand to the left, right, top or bottom are classified as a single category. This is a significant property for many applications that require detection of samples at different angles. However, it may cause limitations for applications that require distinguishing samples at different angles.
V. CONCLUSIONS
Graph is a new mechanism to deal with unstructured data that provides an optimal description of the geometric structure. In this paper, we have proposed a new algorithm for in air hand writing recognition based on spectral graph feature. Matching problem was solved by forming the hand's path as a graph and extract its features. The proposed feature includes the first moment components of the graph eigenvector and the number of zero crossing in each eigenvector. The proposed method achieves up to 97.53% with low complexity and real time implementation. Finally, the proposed method has shown that the spectral graph feature provides an optimal rotation and flip invariant features for in-air number recognition.
